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Abstract 10 

Despite the widespread adoption of photogrammetry across diverse disciplines, the relative 11 

influences of image acquisition parameters on the quality of photogrammetric models are 12 

seldom quantitatively understood. To address this, we conducted experiments under controlled 13 

lighting conditions, camera positions, and camera settings and evaluated the quality of the 14 

resultant models using both a subjective rating and a quantitative comparison. In total, 2541 15 

models were evaluated in this study. In general, higher quality models can be produced by 16 

minimising large changes in the direction of view between adjacent images. Strong digital noise 17 

due to high ISO is detrimental to model quality, although this may be partially mitigated by noise 18 

reduction post-processing. RAW images generally produce higher quality models than JPEG 19 

images; however, at high ISOs, RAW images may result in poorer quality models due to their 20 

inherent lack of pre-applied noise reduction. Images taken with a smartphone produced models 21 

of comparable quality to those taken with a dedicated camera. Models were not consistently 22 

reproducible, even with near-identical images; therefore, practitioners must be aware of their 23 

margins of error when interpreting photogrammetric results. This study therefore provides 24 

practical guidance for practitioners based on a robust parameter study using natural geological 25 

samples. 26 

 27 



Graphical Abstract  28 

 29 

Keywords: Photogrammetry; Model quality; Camera placement; Camera settings; Evidence-30 

based guidance. 31 

 32 

1. Introduction 33 

The use of photogrammetry has increased significantly in recent years (Marín-Buzón et al. 2021; 34 

Polidori 2021) — especially in geosciences where it is routinely used to create virtual outcrop 35 

models (Cawood et al. 2017; Howell et al. 2021; Pugsley et al. 2022) and archaeology where 36 

models record both artefacts and sites (Williams et al. 2019; Kanun et al. 2021; Bisson-Larrivée 37 

and LeMoine 2022) — and yet the relative influence of factors affecting the quality of 38 

photogrammetric models is seldom understood by practitioners (Dall’Asta et al. 2015; 39 

O’Connor 2018). Practical considerations such as acquisition time, availability of light, and 40 

accessibility of viewpoints typically limit the placement and settings of cameras (Cawood et al. 41 

2017; Burdziakowski and Bobkowska 2021). In this study, we evaluate the influence of common 42 



variables — camera placement, ISO, image format (JPEG [Joint Photographic Experts Group] 43 

and RAW), and camera selection — on the quality of resulting photogrammetric models to 44 

assist the practitioner in addressing the priorities of their photogrammetric survey.  45 

 46 

The overall “quality” of a photogrammetric model is generally understood to refer to the scale of 47 

observable detail relative to the scale of the model, the geometric accuracy of reconstructed 48 

objects, and the completeness of the model (Luhmann et al. 2023). Additionally, for geospatial 49 

applications, the accuracy of the location and orientation of the model to an external reference 50 

frame also contributes to the quality of the model (Historic England 2017; Barba et al. 2019). 51 

The geospatial accuracy of photogrammetric models is often assessed and quantified by 52 

comparison against external reference data, such as LiDAR scans, GPS/GNSS measurements of 53 

ground control points (GCPs), and compass measurements (Cawood et al. 2017; Oniga et al. 54 

2018; Barba et al. 2019; Fawzy 2019).  55 

 56 

Camera networks — the arrangement and orientations of camera positions in a 57 

photogrammetric survey (Fig. 1) — may either be designed with a regular arrangement of 58 

cameras irrespective of the geometry of the subject or the placement of cameras may be 59 

adapted to ensure all parts of the subject are optimally imaged (Smith et al. 2018; Li et al. 2023); 60 

however, in practice, cameras are typically placed non-systematically, often strongly influenced 61 

by the available viewpoints from which to image the subject (Cawood et al. 2017). Cameras 62 

may be arranged such that their optic axes are aligned (as is common in aerial surveys [James et 63 

al. 2017; Gargari et al. 2023]), converge in the direction of view (such as for turntable studies 64 

[Tannus 2020; Cunningham 2021; Wang and Jaw 2021; Fawzy et al. 2024, Yiğit et al. 2025]), or 65 

diverge in the direction of view (for instance, in interior photogrammetry [Georgantas et al. 2012; 66 

Ziegler and Loew 2019; Cazes et al. 2025]). As every part of the object must be imaged at least 67 

twice from different camera positions, an overlap between the fields of view of adjacent images 68 

greater than 50% is necessary to prevent gaps in the resultant model, with most guidance 69 

recommending between 60% and 70% for ideal camera networks (Fig. 1D) (Waldhäusl and 70 

Ogleby 1994a, b; Historic England 2017; Guidi et al. 2020; Cunningham 2021). However, 71 

overlap may not be relevant when camera optic axes are strongly convergent as the same point 72 

may be seen in all images but have undergone radical distortions from the perspective of the 73 

camera (Yu and Morel 2011; Wang et al. 2025). It is also generally well-established that the 74 

quality of photogrammetric results scales with the number of images used, although at the cost 75 

of additional acquisition and processing time (Barba et al. 2019; Cunningham 2021). However, 76 



the inclusion of images from suboptimal camera positions may degrade precision and 77 

introduce noise which is detrimental to model quality (Barba et al. 2019). 78 

 79 

The level of detail reconstructed in a photogrammetric model depends strongly on the level of 80 

detail visible in the input imagery which, in turn, is determined by the resolution of the camera 81 

sensor, the optics and settings of the camera and lens system, and the working distance 82 

between the camera and the subject surface (Fig 1A) (Historic England 2017; Luhmann et al. 83 

2023). The camera resolution, sensor size, focal length and the working distance may be 84 

considered together as the Ground Sampling Distance (GSD); a metric which measures the 85 

distance in real space between the centres of the areas represented by each pixel on the 86 

camera sensor (Fig 1A & B) (Reulke and Eckardt 2013; Luhmann et al. 2023). However, for 87 

subjects with non-planar geometry — the primary targets of photogrammetric reconstruction — 88 

or when images are taken at an oblique angle to the surface, GSD can vary wildly, even within a 89 

single photograph (Fig 1C) (Guidi et al. 2020). Additionally, GSD does not consider optical 90 

effects, such as blur or aberrations, which influence the perceivable detail in an image; this is 91 

especially relevant to the physically small but high-resolution sensors on many consumer 92 

cameras and smartphones where the perceivable detail is limited by the diffraction blur spot 93 

(Airy disk) size, meaning that they may resolve less detail than larger but lower (pixel-) resolution 94 

sensors (Fig 1F) (Tisse et al. 2008; Historic England 2017; Tóth 2017; Patonis 2024). GSD also 95 

refers only to the input imagery and not to the resultant model, the quality of which is strongly 96 

influenced by the settings used in the photogrammetric process. Despite the drawbacks of GSD 97 

in determining the quality of a photogrammetric model, the general principle holds that — all 98 

else being equal — photogrammetric quality can be improved by the use of closer working 99 

distances and/or higher resolution sensors (Guidi et al. 2020). 100 

 101 



 102 

Figure 1: Key concepts in photogrammetric survey design. A) Parameters and equation to 103 

calculate Ground Sampling Distance (GSD) and baseline to distance ratio. B) Sensor 104 

characteristics for the calculation of GSD. C) Demonstration that the varying working distances 105 



between the camera and an irregular object result in varying GSD values within a single image. 106 

D) Overlap for convergent cameras showing the region within shared line-of-sight from both 107 

cameras. E) Demonstration of triangulation precision showing exaggerated regions of 108 

uncertainty. The region of combined triangulation uncertainty for the camera pair with a 120° 109 

offset is markedly smaller than the uncertainty region for the camera pair with 15° offset, 110 

meaning that the 120° camera pair is more precise. F) Sources of uncertainty in images showing 111 

an Airy disk larger than photosites and matched keypoints with a sub-pixel offset. 112 

 113 

In addition to the working distance, the distance from one camera to a neighbouring camera — 114 

referred to as the baseline distance — is known to influence the triangulation precision of points 115 

on the reconstructed surface, with larger baseline/distance ratios improving precision, 116 

especially of depth estimates (Fig 1E) (Hottier 1976; Fraser 1984; Olson and Abi-Rached 2010; 117 

Hahne et al. 2018; Guidi et al. 2020). Baseline/distance ratios of 1:1 – 1:15 are typically 118 

recommended (Waldhäusl and Ogleby 1994a, b) — equating to an angular difference of 60° – 4° 119 

respectively in the case of convergent cameras — and Fraser (1984) noted that angular 120 

differences of 120° resulted in the theoretical minimum of triangulation error. However, it has 121 

also long been noted that automated feature detection and matching algorithms integral to 122 

modern photogrammetry can struggle to make correct associations between image pairs if the 123 

perspective change between images is too great (Olson and Abi-Rached 2010; Guidi et al. 124 

2020). As such, camera network design involves a compromise between triangulation accuracy 125 

which improves with wider baseline distances and point matching accuracy which improves — 126 

in the case of convergent cameras — with more similar perspectives which result from narrow 127 

baseline distances (Guidi et al. 2020). 128 

 129 

Modern computational photogrammetry relies on the identification, description, and matching 130 

of distinctive features between images (Huang et al. 2024). This is accomplished through the 131 

use of feature descriptors which provide a numerical representation (usually as a high-132 

dimensional vector) of the pixels within distinctive patches — usually a few tens of pixels in size 133 

— of the image, referred to as keypoints (Fig 1F) (Lowe 1999, 2004; Rublee et al. 2011). These 134 

keypoints are then compared between images to find the closest match between these 135 

numerical representations. As such, an exact match between feature descriptors is not needed 136 

to make correct associations and feature descriptors may be tolerant to changes in 137 

illumination, digital noise, artefacts, or small changes in the shape of the feature (Li et al. 2017). 138 

Different feature descriptors may be invariant to different kinds of distortion in the image. For 139 



instance, SIFT (Scale Invariant Feature Transform, Lowe 2004) — a popular example of a feature 140 

descriptor — is invariant to isotropic scaling and rotation but not to anisotropic scaling, skews, 141 

or perspective distortions (Yu and Morel 2011; Wang et al. 2025). 142 

 143 

The image quality of each input image strongly influences the quality achievable by 144 

photogrammetry (Sieberth 2020). The pixel resolution and scale of observable detail, presence 145 

of motion and optical blur in the image, the amount of digital noise, and the format the image is 146 

recorded in all influence the image quality. The maximum resolution (in pixels) of an image 147 

produced by a digital camera is determined by the number of photosites present on the camera 148 

sensor. As a pixel is the smallest unit of detail in a digital image, an increased number of pixels 149 

allows for the recording of a more detailed image. However, diffraction at the aperture prevents 150 

focussing of light to a point and instead creates a spot of finite size on the sensor, known as the 151 

Airy disk, which also imparts a physical limit on the resolvable detail; this effect is stronger as 152 

the Airy disk becomes larger at smaller apertures (Luhmann et al. 2023). Small sensors such as 153 

those in smartphones and Micro-Four-Thirds cameras often feature photosites that are several 154 

times smaller than the Airy disk and so often resolve less detail than physically larger but lower 155 

resolution sensors (Tisse et al. 2008; Historic England 2017; Tóth 2017; Patonis 2024).  156 

 157 

Motion blur may arise from either the camera moving, the subject moving, or both (Sieberth et 158 

al. 2014b). The degree of motion blur may vary throughout the image depending on the motion 159 

in the scene, the distance from the camera, and the parallax effect (Torres and Kämäräinen 160 

2023). In settings where motion cannot be eliminated, faster shutter speeds may limit motion 161 

blur at the cost of light on the camera sensor (Howell et al. 2021). Optical image stabilisation — 162 

which attempts to compensate for camera motion by shifting the sensor and/or lens elements 163 

— is often effective at reducing motion blur due to camera shake; however, this alters the 164 

intrinsic parameters (namely the principal point where the optic axis of the camera intersects 165 

with the image plane) of the camera system in a manner which cannot be recovered, potentially 166 

negatively influencing photogrammetric reconstruction (Historic England 2017). Optical blur 167 

increases from the plane of sharp focus, with the distance in front of and behind this plane in 168 

which the image is acceptably sharp defined as the depth of field. As such, the amount of 169 

optical blur in an image varies throughout the frame (Pan 2019). The depth of field may be 170 

increased through the use of a smaller aperture, albeit at the cost of light on the camera sensor 171 

and an increased Airy disk size (Tóth 2017). This compromise can be avoided, however, through 172 

the use of focus stacking, where multiple exposures of the same scene taken at different focal 173 



distances are composited into a single sharp image (Kontogianni et al. 2017; Olkowicz et al. 174 

2019), although this can also introduce artefacts and distortions (Faure et al. 2025). Both 175 

optical and motion blur are well known to degrade the quality of photogrammetric models 176 

(Sieberth et al. 2014b, a; Pan 2019; Sieberth 2020); however, the difference-of-gaussians 177 

process involved in many modern feature matching algorithms does allow feature points to be 178 

correctly matched despite the presence of blur, providing that their shape can still be discerned 179 

(Lowe 1999). In addition to blur, the amount of digital noise in a scene also degrades image 180 

quality and may confound feature matching algorithms by changing the shape of identified 181 

features (O’Connor 2018). Digital noise is inherent to any digital photograph but may become 182 

apparent due to the amplification at high ISOs of a weak signal in cases of poor lighting (Healey 183 

and Kondepudy 1994). Modern noise reduction algorithms are often very effective at removing 184 

digital noise but the detail lost in a noisy image cannot be recovered (Plötz and Roth 2017; Elad 185 

et al. 2023).  186 

 187 

Additionally, the format the images are recorded in also influences the quality of images and 188 

photogrammetric models. Many dedicated cameras can save images as either RAW files —  189 

containing the basic information captured by the sensor at the maximum bit-depth and without 190 

post-processing or compression — or JPEG files which are compressed and have in-camera 191 

image edits permanently applied (Alfio et al. 2020). Many smartphones and consumer cameras 192 

only allow recording of images as JPEG. JPEG compression artefacts are often visible around 193 

high-contrast edges and have been shown by several studies to interfere with feature matching 194 

in the photogrammetric process (e.g., Akçay et al. 2017; Alfio et al. 2020; Małyszek and Mitka 195 

2024). 196 

 197 

Rocks are common subjects for photogrammetric studies, not just in the field of geoscience 198 

(e.g., Bilmes et al. 2019; Howell et al. 2021; Buckley et al. 2022) but also in archaeology and 199 

cultural heritage (Bryan and Clowes 1997; Kanun et al. 2021; Hodač et al. 2023; Sorrentino et al. 200 

2023), and urban surveying (Deliry and Avdan 2021; Garilli et al. 2021) where artefacts or 201 

buildings are commonly made of stone. These materials are generally opaque and have a matt 202 

lustre and a feature-rich non-repeating texture which is well-suited to photogrammetric 203 

reconstruction (Nielsen et al. 2022; Surmen 2023), although they may be polished or contain 204 

crystals which are transparent and/or specular reflectors. However, both natural and worked 205 

rocks often have complex and irregular geometries which require care to fully image and to 206 

ensure correct focus (Cawood et al. 2017; Surmen 2023; Faure et al. 2025). Within geoscience, 207 



photogrammetric virtual outcrop models are frequently used to extract the orientation and 208 

position of discontinuities such as fractures, joints, bedding, and faults for structural analysis 209 

(e.g., Bemis et al. 2014; Lund Snee et al. 2014; Bonato et al. 2022; Cawood et al. 2022; Panara 210 

et al. 2022; Uzkeda et al. 2022) or to demonstrate features for teaching purposes (e.g., Fleming 211 

2022; Harknett et al. 2022; Rutkofske et al. 2022; Pugsley et al. 2024; Thomann et al. 2024). 212 

Photogrammetric models may also support ground motion and landscape evolution surveys 213 

(e.g., Eltner et al. 2017; Sun et al. 2024) and morphometric palaeontological studies (e.g., 214 

Novikov et al. 2019; Cunningham 2021; Lallensack et al. 2022), among other use cases.  215 

 216 

In this study, we imaged rock samples under controlled lighting conditions, relative camera 217 

positions, and camera settings to isolate the influence of each of the studied factors on 218 

photogrammetric model quality. Namely, the variables of camera placement, ISO and digital 219 

noise, image format (JPEG or RAW), and camera choice (dedicated camera or smartphone 220 

camera) are here compared against each other. We evaluated model quality using both 221 

subjective and quantitative assessment of photogrammetric models and by modelling the 222 

connectedness of the camera network. This study shows that camera network design is the 223 

predominant control on photogrammetric model quality, with the best models arising from 224 

evenly-spaced camera networks with small changes in perspective between adjacent camera 225 

positions. The quality of models produced from images taken at ISO 200 was, on average, 48% 226 

better than models created from images taken at ISO 25600, use of RAW images improved 227 

model quality by an average of 42% compared to JPEG images, and the dedicated camera and 228 

smartphone produced models with nearly equal quality. 229 

2.  Methods 230 

2.1. Image acquisition and model creation 231 

To investigate the influences on photogrammetric reconstruction of geological materials, we 232 

selected three rock samples with varied shapes and surface features for this study (Fig. 2): a 233 

sideritic marble with a saccharoidal texture and siderite druses showing flanking folds 234 

(Passchier 2001) (length: 19 cm, breadth: 10 cm, height: 5 cm), a schist with parasitic folds at a 235 

range of scales (length: 16 cm, breadth: 6 cm, height: 6 cm), and a granite showing a striated 236 

fracture surface (length: 14 cm, breadth: 8.5 cm, height: 1 cm). The marble sample was 237 

selected as it displays surfaces both perpendicular and parallel to the turntable stage and these 238 

surfaces contain high relief topography and overhanging regions. The schist sample was 239 



selected as the dominant surface was oriented at a high angle to the turntable stage with only a 240 

thin edge oriented parallel to the stage. Additionally, the folds are self-similar across scales and 241 

serve as a useful indicator of the spatial resolution of the models, and the hinges of the folds 242 

mark deep grooves in the sample surface. The granite sample was selected because the 243 

majority of the sample surface is sub-parallel to the stage, there is high colour contrast between 244 

the white feldspar and the black biotite grains, and the shallow striations enable assessment of 245 

the model’s ability to reconstruct small changes in surface topography. 246 

 247 

Photos were taken using a dedicated mirrorless camera (Olympus OM-D E-M5 Mk. III with an 248 

M.Zuiko Digital ED 60 mm f/2.8 Macro lens providing a 16.5° horizontal, 120 mm full-frame 249 

equivalent field of view (Olympus Corporation 2019)) and a smartphone (Google Pixel 7 Pro 250 

using the inbuilt telephoto lens providing a 17.5° horizontal, 116.2 mm full-frame equivalent 251 

field of view (Google 2025)). On the dedicated camera, an aperture of f/4 — the sharpest 252 

aperture for this lens (DXOMARK 2012) — was selected. As this aperture produced a depth of 253 

field too narrow for the entire sample to be acceptably in focus, the images were focus-stacked 254 

from 20 individual exposures using Helicon Focus Pro (Gallo et al. 2014; HeliconSoft 2023) to 255 

ensure the entire sample was acceptably sharp. Shutter speed was varied to balance the 256 

exposure and is not expected to have had an influence on image quality due to the inanimate 257 

subjects and stationary cameras. A tripod and remote shutter release were used to minimise 258 

camera shake. Photographs were recorded in both JPEG and RAW (ORF) formats for comparison 259 

between the results of these formats. Most images were taken using the base native ISO of 200 260 

(Olympus Corporation 2019; Claff 2025); however, to study the effect of ISO and digital noise on 261 

model quality, photographs of the marble sample were additionally taken at the maximum ISO 262 

of 25600, notably higher than typically recommended for photogrammetric surveys (Historic 263 

England 2017; O’Connor 2018; Howell et al. 2021). The “OpenCamera” app (Harman 2025) was 264 

used on the smartphone to enforce the use of the telephoto lens; however, this app did not 265 

allow the recording of RAW images or manual control of ISO and so these were not varied in this 266 

experiment. The smartphone camera has a fixed aperture, and the depth of field was sufficiently 267 

large (5 – 7 cm at 0.75 – 1 m focal distance) that focus stacking was not required for the entire 268 

sample to be acceptably sharp.  269 

 270 



 271 

Figure 2: Rock samples photographed in this study. A) Marble with flanking folds. B) Folded 272 

schist. C) Granite fracture surface.  273 



 274 



Figure 3: Image acquisition setup. A) Camera set-up showing the light-box (1), turntable (2), 275 

sample (3), one of the light sources (4), whiteboard indicating latitude angle (5), remote shutter 276 

release (6), camera and lens (7),  tripod (8). B) Camera positions within each orbit showing the 277 

latitudes of each orbit. Photos were taken every 15° of longitude around each orbit. C) Camera 278 

positions used for each longitude interval. Sample size and working distances not to scale. 279 

 280 

A light-box was used to ensure consistent lighting and a tripod and turntable were used to 281 

ensure a structured camera network (Fig. 3A). Working distances between 71 cm and 98 cm 282 

were selected such that the sample filled the image frame and were held constant for each 283 

sample and camera choice. The samples were rotated on the turntable in 15° increments 284 

through 360° to simulate an orbit with 24 camera positions. Four orbits were performed for 285 

every sample by varying the angle of pitch of the camera relative to the turntable stage while 286 

maintaining a constant working distance to the centre of the turntable. The camera network 287 

therefore forms a hemisphere around the centre of the stage as the turntable is rotated (Fig. 3B); 288 

in this study, we describe rotations of the turntable as “longitude” and the angle of pitch away 289 

from horizontal as “latitude”.  To assess different camera network configurations, the image 290 

dataset was subdivided into different combinations of latitude orbits (Fig. 3B); these were 291 

further subdivided into increments of different longitude angles between adjacent images (Fig. 292 

3C). Eleven latitude combinations were tested: 1) [60°, 45°, 30°, 15°]; 2) [60°, 45°]; 3) [60°, 30°]; 293 

4) [60°, 15°]; 5) [45°, 30°]; 6) [45°, 15°]; 7) [30°, 15°]; 8) 60°; 9) 45°; 10) 30°; 11) 15°. Additionally, 294 

for every latitude combination, seven sets of longitude intervals were considered: 1) 15° 295 

longitude intervals (24 photos per orbit); 2) 30° longitude intervals (12 photos per orbit); 3) 45° 296 

longitude intervals (8 photos per orbit); 4) 60° longitude intervals (6 photos per orbit); 5) 90° 297 

longitude intervals (4 photos per orbit); 6) 120° longitude intervals (3 photos per orbit); 7) 180° 298 

longitude intervals (2 photos per orbit). For each unique combination of camera position, ISO 299 

value, recording format, and camera, three near-identical images were taken in each setting to 300 

evaluate the consistency of results, resulting in a total of 3168 images (46,944 individual 301 

exposures before focus stacking). In total, 2541 models were included in this study.  302 

 303 

Photogrammetric models were constructed using Agisoft Metashape Pro (version 2.0.4) (Agisoft 304 

2023) on a computer with an AMD Ryzen 9 PRO 5945 CPU, an NVIDIA RTX 3080 GPU, and 64 GB 305 

of RAM. Marker points were manually selected on the photos to allow alignment of the models 306 

after model creation. “Alignment accuracy” was set to “high” to process the images without 307 

upscaling or downscaling and “exclude stationary tie points” was selected to avoid inclusion of 308 



parts of the scene not on the turntable. “Model quality” was set to “ultra high” to process the 309 

images at their original resolution and “face count” was set to “high” to ensure detail was not 310 

lost in decimation of the model (Agisoft 2025). “Interpolation” was disabled and “depth map 311 

filtering” was set to “mild”.  312 

 313 

2.2. Evaluation of Photogrammetric Results 314 

To quantify the relative influence of camera network design, ISO, image format, and camera 315 

choice on the quality of photogrammetric models, we systematically evaluated the results of 316 

image alignment, subjective model quality, and similarity to a reference model. 317 

 318 

2.2.1. Image Alignment 319 

Image alignment was evaluated by comparing the reconstructed placement of each camera 320 

against its known position. This comparison was achieved by measuring the mean inverse 321 

Euclidean distance between reconstructed camera placements and known camera positions 322 

(Eq. 1). To determine the known camera positions, we took all of the camera positions from the 323 

models derived from images taken at 60°, 45°, 30°, and 15° latitude and 15° intervals of 324 

longitude using ISO 200 — 6 models for the dedicated camera, 3 for the smartphone — and 325 

averaged the positions of each of the cameras. In the case where individual cameras were 326 

visibly misplaced in these models, the positions of these cameras were taken from another 327 

model where the positions were correctly reconstructed. Where a camera failed to be aligned 328 

by Metashape and would therefore not contribute to the model, it was assigned a distance 329 

value of infinity. The inverse of the distance was chosen in order to allow the calculation of an 330 

average distance metric in a dataset that contained infinities.  331 

AID =  
1

𝑁
∑

1

‖𝒌𝑖 − 𝒓𝑖‖2

𝑁

𝑖=1

 332 

Equation 1: Average inverse Euclidean distance (AID) between the known camera positions (k) 333 

and the reconstructed camera positions (r), both represented as 3D vectors. Where no 334 

corresponding reconstructed camera position exists, the Euclidean distance becomes infinity. 335 

N refers to the number of camera positions. 336 

2.2.2. Model Quality  337 

Model quality was evaluated using a holistic subjective quality rating referred to here as the 338 

“model quality rating”. This is a number between 0 and 6, where 6 denotes a near-perfect model 339 



and 0 denotes failure to reconstruct any recognisable part of the sample. This rating was 340 

assigned by visual inspection of the models and comparison with the physical samples. Integer 341 

points were deducted from a perfect ranking due to the presence of the following five flaws (Fig. 342 

4): A) smoothing or surface noise, either in the form of bumps or clusters of holes, B) more than 343 

approximately 20% of the model being missing, C) extraneous geometry, e.g.,  duplicate 344 

surfaces, D) stretched or sheared geometry, E) misaligned sections of the model. An additional 345 

point was deducted if any of the above flaws were so severe as to render the model 346 

unrecognisable as the sample or if a model failed to be built. This subjective assessment was 347 

conducted by one worker over a period of three weeks to ensure consistency.  348 

 349 



 350 



Figure 4: Examples of models which clearly display the flaws that count against the model 351 

quality rating. A: Model exhibits small holes (*) and erroneous bumps (†) across the surface. This 352 

model received a quality rating of 4. B) Model missing an entire side of the sample (*). This 353 

model received a quality rating of 5. C) Model contains extraneous geometry (*). This model 354 

received a quality rating of 3. D) Model showing a deformed representation of the sample which 355 

is stretched along the horizontal axis (*). This model received a quality rating of 3. E) Model 356 

shows a duplicate section of the sample (*) rotated at ~90° to the rest of the sample. This model 357 

received a quality rating of 1. F) Model is entirely unrecognisable as the sample. This model 358 

received a quality rating of 0. 359 

 360 

In addition to the model quality rating, the similarity of each model to a reference model was 361 

evaluated using the root mean squared error (RMSE) of cloud-to-mesh distances. To construct 362 

the reference model — similar to the known camera positions — we took all of the models 363 

derived from images taken at [60°, 45°, 30°, 15°] latitude and 15° intervals of longitude using ISO 364 

200 — 6 models for the dedicated camera, 3 for the smartphone — and averaged the positions 365 

of each of their vertices. The cloud-to-mesh distance was computed by identifying the 366 

coordinates of corresponding points on both meshes by projecting rays along the vertex 367 

normals. We then calculated the root mean squared error (RMSE) between each compared 368 

model and the reference model for every point on the mesh.  369 

3. Results 370 

3.1. Camera Positions 371 

The photogrammetric models constructed displayed a range of model qualities (Fig. 5). 372 

Comparison between models created using images from different positions shows that, for all 373 

samples, cameras (dedicated camera or smartphone) and camera settings (ISO and image 374 

format), shorter longitude intervals and higher latitude orbits result in both improved camera 375 

positioning (Fig. 6) and model quality (Fig. 7 and Fig. 8). Models derived from orbit combinations 376 

containing images taken at steep orbits (e.g., 60° latitude) generally outperform models derived 377 

from images taken at shallower latitude angles. Models derived from high latitude images 378 

display good reconstructions of the top surface while the sides of the samples and areas 379 

beneath overhangs are poorly reconstructed. Conversely, models derived from low latitude 380 

images show well-reconstructed sides and flaws are instead concentrated on the top surface of 381 

the sample (Fig. 5). At higher latitudes, fewer images and greater longitude intervals are 382 



sufficient to obtain good quality results (model quality rating greater than or equal to 5). Above 383 

30° longitude intervals, models with a quality rating equal to or less than 1 are common. A 384 

deviation from this pattern is seen in the [60°, 45°] latitude and the [60°, 45°, 30°, 15°] latitude 385 

camera networks where longitude intervals of 90° or greater are more poorly reconstructed than 386 

in the [60°, 30°] latitude and the [60°, 15°] latitude camera networks. This effect is much less 387 

pronounced for the granite sample, which was flatter and for which the top of the sample was 388 

always clearly visible, even at 15° latitude. 15° longitude intervals produced reliably good 389 

camera positioning and good quality models for all combinations of orbit latitudes in all but a 390 

handful of cases (e.g., the marble sample at 15° latitude with JPEG images [Fig. 7]). For greater 391 

longitude intervals, reconstruction of the camera positions and model quality improve for 392 

combinations of orbits that include higher latitude orbits when compared with those containing 393 

only lower latitude orbits. Camera positioning and model quality also improve with an increased 394 

number of orbits which give sufficient coverage to enable good reconstructions from all angles. 395 

Model quality generally correlates with camera positioning as poorly aligned images preclude 396 

the creation of high-quality models; however, good camera positioning does not guarantee a 397 

high-quality model and in several instances poor quality models result despite well-positioned 398 

cameras (e.g., the schist sample at 60° latitude and 60° – 90° longitude intervals taken with the 399 

dedicated camera [Figs. 6 & 7]). Figures 7 and 8 show good agreement between the subjective 400 

model quality rating and the average inverse distance between each compared model and a 401 

reference model.  402 

 403 



 404 



Figure 5: Selected photogrammetric models demonstrating successful reconstructions. A) 405 

Model constructed from ISO 200 RAW images at [60°, 45°, 30°, 15°] latitude with 15° longitude 406 

intervals displaying one of the highest quality results achieved in this study (model quality rating 407 

= 6). Small details without much colour contrast are reconstructed but difficult to see (*). B) 408 

Model constructed from ISO 200 JPEG images at [60°, 45°, 30°, 15°] latitude with 15° longitude 409 

intervals displaying another of the highest quality results achieved in this study (model quality 410 

rating = 6) with improved definition of small details (*). C) Model constructed from smartphone 411 

images at [60°, 45°, 30°, 15°] latitude with 15° longitude intervals showing a high quality model 412 

with overall less definition (*) than the equivalent models from the dedicated camera (model 413 

quality rating = 6). D) Model constructed from ISO 200 RAW images at [60°, 30°] latitude with 60° 414 

longitude intervals showing good but not flawless results (model quality rating = 6). Some 415 

overhanging regions of the model show no detail (*). E) Model constructed from ISO 200 RAW 416 

images at 60° latitude, with 15° longitude intervals showing poor reconstruction of overhanging 417 

regions (*) (Model quality rating = 6). F) Model constructed from ISO 200 RAW images at 15° 418 

latitude, with 15° longitude intervals showing good surface reconstruction but an inaccurate 419 

overall geometry (model quality rating = 6). G) Model constructed from ISO 25600 RAW images 420 

at [60°, 45°, 30°, 15°] latitude with 15° longitude intervals displaying a complete but imperfect 421 

reconstruction (model quality rating = 4) with many regions across the whole model lacking 422 

detail (*). H) Model constructed from ISO 25600 JPEG images at [60°, 45°, 30°, 15°] latitude with 423 

15° longitude intervals displaying a good but not flawless reconstruction (model quality rating = 424 

5) with reduced detail (*) compared to the model derived from ISO 200 images. 425 

 426 



 427 

Figure 6: Average inverse distances between the known camera positions and the reconstructed 428 

camera positions for all models constructed (Eq. 1). Higher values correspond to smaller 429 

differences between the known and reconstructed camera positions and therefore better 430 

camera position estimates. Each coloured square represents one model and the colour of the 431 

square shows the average inverse distance for that model. 432 

 433 



 434 

Figure 7: Model quality ratings for all models constructed. Each coloured square represents one 435 

model and the colour of the square shows the model quality rating for that model.  436 



 437 

Figure 8: Root mean squared error between each model and the reference model for all models 438 

constructed. Each coloured square represents one model and the colour of the square shows 439 

the root mean squared error for that model. 440 

 441 

3.2. Repeatability 442 

As three models were created for each position and camera setting using near-identical images, 443 

this enabled us to investigate the repeatability of the photogrammetric process and the 444 

precision of its results. Multiple models produced from truly identical images were 445 

indistinguishable from one another. The near-identical images appear visually indistinguishable 446 

above the scale where individual pixels are visible and digital noise and compression artefacts 447 

can be seen. Despite this, both camera positioning and model quality results varied between 448 

models created from near-identical images. Figure 9 shows the standard deviation between the 449 

model quality ratings of models created from near-identical images. This shows that — in 450 

general — high latitudes and short longitude intervals produce the most consistently high-451 



quality results; although models containing all orbits and the shortest longitude intervals do not 452 

necessarily display the most consistent results. Shallow latitude orbits and large longitude 453 

intervals produce consistently poor results. As such, intermediate longitude intervals and orbit 454 

latitudes produce the least consistent photogrammetric results. These results demonstrate that 455 

models created from JPEG images — especially those from the smartphone camera — had less 456 

repeatable results than those created from RAW images. The most consistent — but also poor-457 

quality — results are derived from RAW images with high ISO that display the most digital noise 458 

of any images studied.  459 

 460 

Figure 9: Standard deviations of root mean squared error for each position and camera setting. 461 

This shows a general pattern of more inconsistent results at greater longitude intervals and 462 

lower latitude orbits, whereas shorter longitude intervals and higher latitude orbits produce 463 

consistently good results (as seen in Figs. 7 and 8) and longer longitude intervals and lower 464 

latitude orbits produce consistently poor results.  465 

 466 



3.3. ISO 467 

These data show a clear influence of ISO — and of digital noise present in the high-ISO images 468 

— on photogrammetric model quality (Fig. 10) but a markedly smaller influence on the 469 

positioning of aligned cameras (Fig. 6). Models created from images taken at ISO 200 score — 470 

on average — 48% higher than models created from images taken at ISO 25600. No models 471 

derived from images taken at ISO 25600 scored the maximum model quality rating with models 472 

created from JPEG images scoring a maximum of 5/6 and models created from RAW images 473 

scoring a maximum of 4/6.  474 

 475 

Figure. 10: Average model quality ratings and inverse distances for ISO 200 and ISO 25600 476 

images. This shows data from the marble sample taken with the dedicated camera and 477 

averages together data from models derived from RAW and JPEG images. This demonstrates 478 

that images taken at low ISO produce notably higher quality models than images taken at high 479 

ISO. 480 

 481 

3.4. Image Format 482 

Models created from RAW images also outperform models created from JPEG images by 42% 483 

(Fig. 11). For models created from images taken at ISO 200, there was no difference in the 484 

maximum model quality rating between models created from RAW or JPEG images; however, 485 



RAW images produced more consistent results and the longitude interval after which model 486 

quality becomes poor (≤1) is greater for models created from RAW images than it is for models 487 

created from JPEG images. The photogrammetric process took — on average — 3 minutes and 5 488 

seconds to process the JPEG images and 3 minutes and 51 seconds to process the RAW 489 

images.  490 

 491 

Figure 11: Average model quality ratings for RAW and JPEG images. This figure shows data for all 492 

samples taken on the dedicated camera at ISO 200 to ensure comparability. This demonstrates 493 

that models created from RAW images have an overall higher quality and that RAW images 494 

enable high-quality models to be produced from images taken at greater longitude intervals 495 

than JPEG images.  496 

 497 

For models created from images taken at ISO 25600, despite RAW-derived models scoring a 498 

lower maximum model quality rating, all models outperformed equivalent JPEG-derived models 499 

at moderate – high longitude intervals. The longitude intervals after which model quality 500 

becomes poor (≤1) is similar between models derived from images taken at ISO 200 and ISO 501 

25600.  502 

 503 



3.5. Camera Choice 504 

Models created from images taken with the smartphone performed similarly to those created 505 

from JPEG images taken with the dedicated camera. Specifically, models created from 506 

smartphone images outperform those created from JPEG images taken with the dedicated 507 

camera by only 9%, whereas RAW images from the dedicated camera outperformed JPEG 508 

images taken by the smartphone by 36% (Fig. 12). In fact, in various instances, models created 509 

from smartphone imagery outperform those created from dedicated camera imagery with the 510 

same camera network, although the consistency of these results is poorer.  511 

 512 

Figure 12: Average model quality ratings for images taken using the dedicated camera and the 513 

smartphone. This figure shows data for all samples and, for the dedicated camera, only includes 514 

images taken at ISO 200 to ensure comparability with the smartphone camera. This 515 

demonstrates that the average quality of models produced from smartphone imagery is similar 516 

to those produced from dedicated camera imagery. 517 

4. Discussion 518 

The observed pattern of model quality resulting from images taken at different latitude and 519 

longitude combinations and with different camera settings indicates the importance of 520 

considered photogrammetric survey design for the quality of resultant models. However, in 521 



order to discern practical guidance from these results, the underlying causes of sub-optimal 522 

model quality must be understood. In this discussion, we therefore examine the mechanisms 523 

behind how camera position, ISO, image format, and camera choice control the quality of 524 

resultant models and distil guidance for photogrammetric practitioners.  525 

 526 

This study found no discernible influence of the sample’s surface texture on photogrammetric 527 

results. All samples were opaque with an overall dull lustre and only a small proportion of 528 

vitreous (e.g., quartz) or pearly (e.g., mica) mineral grains. As such, the influence of other lustres 529 

or transparencies on photogrammetric model quality was not investigated by this study; 530 

however, techniques such as coating (Karami et al. 2022) or cross-polarised illumination 531 

(Bartoš et al. 2023; Clini et al. 2023) are well established means to overcome difficulties in 532 

reconstructing objects with these appearances. The results of this study are therefore most 533 

applicable to photogrammetry of rocks and stone — such as rock samples, fossils, outcrops, 534 

and worked articles of stone including buildings and statues — that typically exhibit irregular 535 

geometries, rough surfaces, and dull lustres without transparency.  536 

4.1. Camera Position 537 

The design of the camera network is demonstrated by this study to have the largest influence on 538 

photogrammetric model quality of any of the studied variables. Shorter longitude intervals — 539 

typically less than or equal to 30° — resulted in markedly higher quality models than those taken 540 

at greater longitude intervals. Image sets containing higher latitude orbits also resulted in 541 

improved model quality compared to those containing only shallow orbits. Additionally, models 542 

containing images taken at [60°, 45°, 30°, 15°] and the [60°, 45°] latitude combinations 543 

produced worse results at high longitude intervals than the models containing images taken at 544 

the [60°, 30°] latitude combination, despite the overall larger number of images in the first case. 545 

 546 

The type and amount of distortion in 2D between the same point in two images depends on the 547 

difference in 3D real space between the directions of view of both camera positions. In our 548 

case, this means that the type and amount of distortion between adjacent image pairs depends 549 

on the difference in latitude and longitude. The lower the angle of latitude, the greater the angle 550 

between the rotational axis of the turntable and the optic axis of the camera.  551 

A greater angle between these two axes results in a greater component of non-uniform scaling, 552 

skew, and perspective in the transformation between matched keypoints. This means that a 553 

rotation of a given longitude angle will introduce more non-rotational distortion at low latitudes 554 



than at high latitudes (Fig. 13). Feature descriptors may be tolerant to some changes in shape 555 

between matched keypoints but such distortions do impact the similarity of these matches 556 

(Moreno-Noguer 2011). As such, keypoints in a matched image pair at a low latitude will look 557 

more different from each other than those in a similar image pair at a higher latitude, given the 558 

same longitude offset. While it is not publicly known which feature descriptor is used by Agisoft 559 

Metashape — and therefore which types of distortion it is invariant to — invariance to 560 

perspective distortions remains a challenge for feature descriptors (Moreno-Noguer 2011; Yu 561 

and Morel 2011; Li et al. 2017; Yu et al. 2018; Wang et al. 2025). 562 

 563 

Figure 13: Demonstration of the perspective distortion seen between images at different camera 564 

positions illustrating the distortion that would affect all feature points on the sample. Each cube 565 

in the circle shows what the cube in the centre (shown in reverse perspective) would look like as 566 

seen from a camera at its position in the circle. The radial axis shows the latitude while the 567 

circumferential axis shows the longitude. Note that the top surface (blue) is visible throughout 568 

the entire orbit while each side (pink and green) is only visible for half the orbit. The top surface 569 

mostly undergoes rotation with only minor non-affine perspective distortion at 60° latitude, 570 

while at 15° latitude perspective distortion is dominant. The sides undergo strongly non-affine 571 

perspective distortion at all latitude angles.  572 

 573 

To demonstrate this phenomenon, we developed an image matching and keypoint evaluation 574 

script using OpenCV (Culjak et al. 2012), Open3D (Zhou et al. 2018), and TriMesh (Dawson-575 

Haggerty 2023) to interrogate the processes involved in matching features between images (Fig. 576 



14). We used OpenCV for this task as Metashape does not allow full access to the attributes of 577 

matched points. We performed this analysis on one set of imagery: the marble sample 578 

photographed with the dedicated camera at ISO 200, RAW, and we used only one of the three 579 

near-identical sets of imagery. This script takes as input manually masked images to ensure that 580 

detected keypoints are on the object. Following this, SIFT keypoints are detected and matched 581 

pairwise between images. The Euclidean distance between the SIFT feature descriptor for each 582 

point — represented as a high-dimensional vector — and its matching point demonstrates the 583 

difference in the appearance between the same matched features in both images. The 584 

difference between each feature point and its best and second-best match are noted and, 585 

where the ratio between the best match and the second-best match is below 0.8, these points 586 

are considered too ambiguous and are therefore discarded (Lowe 2004). In order to evaluate 587 

whether matches are true or false positives, the position of each matched feature point was 588 

projected from known camera positions onto a pre-existing photogrammetric model of the 589 

object (Fig. 14A). We then compared the coordinates of these projected points and considered 590 

only points within 1 mm (0.5% of the length of the object) to be true positive matches. False 591 

positive matches were flagged as such and remained in the dataset for demonstration 592 

purposes, as can be seen marked in red in Fig. 14B. 593 

 594 

  595 

Figure 14: Analysis of the similarity and validity of matched feature points. A) Methodology for 596 

determining whether a match is a true or false positive using raycasting from the camera 597 

positions to a pre-existing model. B) Image pair showing difference (Euclidean distance 598 

between SIFT vectors) of matched keypoints. Each matched keypoint is shown as a tile 599 

representing the patch recognised by the SIFT feature descriptor with a coloured border and tie-600 

line showing the difference between these matched points. Each tile shows a false-colour 601 

enlargement of the patch with oranges indicating similar greyscale intensity values between 602 

matched patches and blues indicating different intensity values. Red borders and tie-lines 603 



indicate matches recognised as false positives. For demonstration purposes, only the top 100 604 

matched points are shown.   605 

 606 

 607 

Figure 15: A) Average Euclidean distance between matched keypoints, and B) average number 608 

of true matches per image. 609 

 610 

This analysis shows that the pattern of the average Euclidean distance between matched 611 

keypoints and the average number of true matches per image both reproduce the pattern of 612 

improved results with shorter longitude intervals and higher latitude orbits observed in the 613 

model quality analysis (Fig. 15). Matched keypoints in higher latitude orbits show a smaller 614 

Euclidean distance than matched keypoints in lower latitude orbits, thereby decreasing the risk 615 

of incorrect matching (Lowe 2004). For combinations of orbits, those containing higher latitude 616 

orbits similarly show smaller Euclidean distances and more true matches than combinations 617 

consisting of lower latitude orbits.  618 

 619 

However, this analysis does not reproduce the observed poor results for the [60°, 45°] latitude 620 

combination and the [60°, 45°, 30°, 15°] latitude combination for longitude intervals of 90° or 621 

greater. This analysis also does not consider which images are matched together and the 622 

strength of those matches which together define the connectedness of the camera network. To 623 

address this, we constructed network graphs for all of the camera networks showing the 624 

number of true matches for each image pair (Fig. 16)(Cui et al. 2021; Xiao et al. 2021). To 625 

simulate the filtering process to determine which images are considered “aligned” by 626 

Metashape, we removed all image pairs where the number of true matches was less than 10% 627 

of the maximum number of true matches for any image pair in the network. This had the effect 628 

— as also seen in Metashape — where images that are considered aligned in some camera 629 

networks may not be considered aligned in others; namely that images with a moderate number 630 



of true matches may be considered aligned when the camera network consists only of images 631 

with similar numbers of true matches but, if the camera network contains an image pair with 632 

considerably more true matches, the images with only moderate numbers of true matches will 633 

not be considered aligned. This can be seen in Figure 16 where, at high longitude intervals, 634 

images in networks containing multiple orbits are aligned between orbits but not along orbits, 635 

whereas these same images are aligned in networks containing only one orbit. As such, the 636 

entire camera network is better reconstructed when images are taken at regularly spaced 637 

intervals and the inclusion of images that contain an anomalously high number of correctly 638 

matched keypoints can break the connections between otherwise aligned images.  639 

 640 

Figure 16 also shows the stronger connections between images taken at higher latitudes as low 641 

latitude orbits often do not display a wholly connected camera network and instead display a 642 

camera network broken into multiple components. Any more than one component in the 643 

camera network denotes a significant failure of the camera alignment process. In contrast, high 644 

latitude orbits maintain their connectedness even at greater longitude intervals and, at 645 

moderate longitude intervals that lack the very high number of true matched points between 646 

images at 15° and 30° longitude intervals, images on opposite sides of the camera network may 647 

be connected. 648 



 649 

Figure 16: Network graphs showing matched image pairs (coloured lines) between different 650 

camera positions in each of the camera network configurations.  651 

 652 

A disconnected camera network — i.e. one where a significant proportion of the images fail to 653 

be correctly aligned with the rest of the model and where unaligned portions consist of images 654 



that are related to each other in space — would prevent the information contained in those 655 

images from forming part of the model; detrimentally impacting the quality of the resulting 656 

model. We assessed the influence of these disconnected camera networks by calculating the 657 

average number of true matches per component in the camera network, with a component 658 

defined as a group of matched images with an unbroken path between the component 659 

members as shown in Figure 16. To ensure the camera network is appropriately penalised for 660 

being disconnected, we cubed the number of components. Figure 17 shows the pattern of true 661 

matches per component cubed; this pattern mirrors the pattern of camera positioning (Fig. 6) 662 

and model quality (Figs. 7 and 8). This shows both that camera networks consisting of higher 663 

latitude orbits contain more true matches per component than camera networks consisting of 664 

low latitude orbits — as was shown in Fig. 15B — and also that the [60°, 45°, 30°, 15°] latitude 665 

and [60°, 45°] latitude networks contain fewer true matches per component at high longitude 666 

intervals than the [60°, 30°] latitude networks as a consequence of the camera network being 667 

more disconnected. Additionally, this analysis shows that, at [60°, 45°, 30°, 15°] latitude and 668 

[60°, 45°] latitude, the number of true matches per component is higher at 180° longitude 669 

intervals than it is at 120° longitude intervals, which also matches the observations of model 670 

quality in these positions (Figs. 7 and 8).                                                                                                                                                                                                                                                                                                                   671 

 672 

Figure 17: Average number of true matches between image pairs for each configuration of 673 

camera positions divided by the cube of the number of components. This shows a similar 674 

overall pattern as the camera position rating (Fig. 6) and subjective model quality rating (Fig. 7). 675 

 676 

This analysis demonstrates the influence of 2D distortions — such as anisotropic scaling, skew, 677 

and perspective — on the success of feature matching and subsequent photogrammetric 678 

reconstructions. While feature descriptors such as SIFT can account for some distortion by 679 

virtue of their tolerances for differences between matched keypoints (Moreno-Noguer 2011), 680 

the large changes in perspective that result from high longitude intervals at low latitudes exceed 681 



the capabilities of feature descriptors to make correct associations between matched points. 682 

Additionally, our analysis of the influence of the connectedness of camera networks on 683 

photogrammetric results and how the presence of anomalously well-matched images can 684 

cause otherwise correctly matched images to fail to align demonstrates the importance of 685 

evenly spaced positions within camera networks. 686 

 687 

As such, practitioners should avoid camera placements that include large changes in obliquity 688 

to an imaged surface without sufficient intermediate steps and should ensure that the spacing 689 

between camera positions is approximately even. For photogrammetric surveys using a 690 

turntable or where the camera network otherwise orbits an object of interest, practitioners 691 

should select short longitude intervals. A single high-latitude orbit is generally sufficient to 692 

reconstruct an object without overhanging regions or where the top surface is of primary 693 

importance; however, for objects with more complex geometries including overhanging regions, 694 

multiple orbits should be performed at sufficient latitudes to image all parts of the object. 695 

Where multiple orbits are used, the interval between camera positions in the latitude and 696 

longitude direction should be balanced so as to create an evenly distributed camera network.  697 

 698 

The findings of this survey may also be applied to photogrammetric surveys which do not orbit 699 

an object of interest, such as for digital outcrop models. In these cases, the axis of rotation from 700 

one camera position to another will vary for each image; however, the same principle of 701 

minimising the perspective distortion between images can be applied. Surfaces should be 702 

imaged from camera positions where the optic axis of the camera is at a high angle to the 703 

surface. Where camera positions with the optic axis at a low angle to the surface are used — 704 

such as to ensure coverage of overhanging regions — sufficient intermediate steps between the 705 

high angle images and the low angle images should be taken. 706 

4.2. ISO 707 

The poor model quality resulting from the use of high-ISO images demonstrates the deleterious 708 

impact of digital noise on photogrammetric model quality. This result is in agreement with 709 

previous research (e.g., O’Connor 2018; Roncella et al. 2021) on the influence of digital noise on 710 

photogrammetric results. In uncontrolled lighting conditions, which are typical of geological 711 

photogrammetric surveys, ISO choice is typically a compromise with aperture and shutter 712 

speed to correctly expose the image, with large apertures risking parts of the scene being out of 713 

focus and slow shutter speeds risking motion blur, both of which are also well known to be 714 



detrimental to photogrammetric model quality (Sieberth et al. 2014a, b, 2015; Pan 2019; 715 

Sieberth 2020). This compromise may be made by the practitioner or may be managed by the 716 

automatic exposure controls, with many smartphone cameras not providing an alternative to 717 

automatic exposure.  718 

 719 

The high-ISO JPEG images produced higher quality models than the high-ISO RAW images. This 720 

wasg due to in-camera noise-reduction post-processing which was applied to the JPEG images 721 

but which inherently cannot be applied to the RAW images (Fig. 18). This noise reduction was 722 

effective at partially mitigating the impact of high ISOs on photogrammetric model quality. The 723 

practitioner is therefore advised to select the lowest possible ISO value which balances the 724 

exposure without introducing out-of-focus or motion blur and to use noise reduction if 725 

necessary to improve image quality before the images are used in the photogrammetric 726 

process.  727 



 728 



Figure 18: Digital noise and artefacts present in input images from the dedicated camera. A) 729 

Marble sample taken at ISO 200 RAW showing a low degree of digital noise and no artefacts 730 

from sharpening but lower contrast and clarity of features (*). B) Marble sample taken at ISO 200 731 

JPEG showing light and dark fringing artefacts from sharpening (arrow) and small high contrast 732 

features are visible. C) Marble sample taken at ISO 25600 RAW showing a high degree of colour 733 

noise (*). D) Marble sample taken at ISO 25600 JPEG showing less digital noise than C but 734 

markedly reduced clarity (*). E) Turntable stage taken at ISO 200 RAW showing visible paper 735 

texture not present in other images (*). F) Turntable stage taken at ISO 200 JPEG showing light 736 

and dark fringing artefacts from sharpening (arrow) and paper texture in the white regions and 737 

the printed lines are replaced by solid colour blocks. G) Turntable stage taken at ISO 25600 RAW 738 

showing a high degree of colour and luminance noise (*). H) Turntable stage taken at ISO 25600 739 

JPEG showing luminance noise visible in plain regions (*). 740 

 741 

4.3. Image Format 742 

This study also demonstrates that the use of RAW images as inputs into the photogrammetric 743 

process improves model quality over the use of JPEG images, while also improving the reliability 744 

of photogrammetric results. RAW images provide both increased bit-depth and a lack of post-745 

processing (e.g. compression and sharpening) artefacts when compared with JPEG images. As 746 

shown in Fig. 18 and Fig. 19, sharpening artefacts as well as smoothing of low contrast areas 747 

obscure details that may be used as keypoints. However, at high ISOs, the high degree of digital 748 

noise in the RAW images also obscures features that are visible in the JPEG images which 749 

underwent noise reduction. However, processing RAW imagery took, on average, 41% longer 750 

than processing JPEG imagery.  751 

 752 

When ISO is low and images are free from digital noise, practitioners may opt to use RAW 753 

images to improve photogrammetric results at the cost of increased processing time. However, 754 

in the case of noisy images such as those resulting from the use of a high ISO, noise reduction is 755 

shown to improve photogrammetric results and therefore JPEG images, which can preserve 756 

noise reduction results, are preferred over RAW images.  757 



 758 

Figure 19: Contrast-enhanced images of the same exposure, saved as A) RAW and B) JPEG using 759 

on-camera processing. Note that mineral cleavage (arrow) is discernible in the feldspar crystal 760 

in the RAW image but is entirely obscured in the JPEG image where this crystal is rendered as a 761 

smooth surface. Note also that the contrast of edges is strongly enhanced in the JPEG image 762 

due to sharpening (*). 763 

 764 

4.4. Camera Choice 765 

In this study, the use of a dedicated camera provided a negligible improvement to the visual 766 

quality of photogrammetric results compared to the smartphone camera (Fig. 12). The 20-767 

megapixel Micro-Four-Thirds sensor on the dedicated camera represents the low end of 768 

cameras with interchangeable lenses available at the time of this study. In contrast, the 48-769 

megapixel quad-Bayer 1/2.55" sensor of the smartphone camera represents the mid-to-high 770 

end of smartphone cameras available at the time of this study. Figure 20 demonstrates the 771 

similarity in perceivable resolution between the two cameras. Printed lines in in-focus regions of 772 

the images show similar widths and acutances between both camera systems, with high-773 

contrast lines appearing only slightly broader and the gradient of edges being only slightly less 774 

steep. The pattern of the JPEG images from the dedicated camera — while the same width as 775 

that from the RAW images when only considering pixels darker than the baseline — shows an 776 

overall deviation from the luminosity of the paper of similar width to that from the smartphone 777 



camera. The similarity in the quality of the images from these two cameras is likely responsible 778 

for the similarity in the precision of the camera positioning and the quality of the models 779 

between the products of these two camera systems.  780 

 781 

A greater contrast between the capabilities of the two camera systems — such as the use of a 782 

dedicated camera with a larger and higher resolution sensor — may have yielded a greater 783 

difference between the results from these cameras. However, both smartphone cameras and 784 

dedicated cameras with Micro-Four-Thirds and APS-C-sized sensors are popular choices for 785 

geological fieldwork (Tavani et al. 2022), as smaller sensors usually result in a lighter camera 786 

body and lens and offer better stabilisation. Similarly, common consumer drones also have 787 

sensors comparable to both the smartphone and dedicated camera sensors used in this study 788 

(Olympus Corporation 2019; DJI 2021; Google 2025). As such, practitioners choosing to use 789 

smartphones or drones with small sensors are similarly capable of producing high-quality 790 

photogrammetric models as those choosing to use dedicated consumer cameras, assuming 791 

other parameters are equal.  792 

 793 



 794 

Figure 20: Comparison between the acutance of a printed line on the turntable stage in images 795 

from the smartphone camera and the dedicated camera. A) Image from the smartphone 796 

camera. Note the lack of texture in the printed line or the paper (*). B) JPEG image from the 797 

dedicated camera. Note the accentuation of small differences in luminosity (*) and the light-798 

coloured fringing around high-contrast edges (arrow) as a result of sharpening. C) RAW image 799 

from the dedicated camera. Note the lack of sharpening artefacts and the subtle texture within 800 

the printed line and paper. D) Graph of the luminosity of each pixel across the profiles shown 801 

above with the exposure and contrast normalised. Note that the JPEG image from the dedicated 802 

camera shows the light-coloured fringing and accentuation of details from sharpening as seen 803 

in B. 804 



4.5. Reproducibility 805 

Despite the use of near-identical images, photogrammetric results between the three 806 

repetitions of each model are not consistent. The differences between these near-identical 807 

images are visually imperceptible; however, the patterns of digital noise and artefacts (e.g., from 808 

demosaicing, compression, and focus stacking) are different in every image and are at the scale 809 

of the feature descriptors used in image matching (Lowe 2004; Rublee et al. 2011). Features 810 

that may be uniquely distinctive in one image may not be in a near-identical image. This results 811 

in uncertainty of the quality of the photogrammetric model resulting from a given image set.  812 

 813 

To investigate the differences between the photogrammetric results of near-identical images, 814 

we exported from Metashape the 2D coordinates of every matched point in every image pair and 815 

overlaid the points found in each image (Fig. 21). This demonstrates that, while some of the 816 

same points are matched between near-identical images, many matched points are only found 817 

in one of the images. The number of points found also differs between near-identical images. As 818 

shown in Figure 21, image pairs at a longer longitude interval contain significantly fewer 819 

matched points than those at a shorter longitude interval and contain proportionally fewer 820 

points in common between image sets. Therefore, image pairs containing fewer matched points 821 

displayed fewer overlapping points. Additionally, as images are added sequentially to the 822 

photogrammetric reconstruction and the order in which that occurs differs between models 823 

(Xiao et al. 2021), the inclusion of poorly-matched images affects the inclusion of subsequent 824 

images. Together, this likely accounts for the differences in the reconstructed surfaces shown in 825 

Figure 9. 826 



 827 

Figure 21: Locations of matched keypoints for near-identical images. Red points were found in 828 

the first set of images, green points from the second, and blue points from the third. Yellow 829 

points represent matched points found in both the first and second sets of images, magenta 830 

points represent matched points found in the first and third sets of images, and cyan points 831 

represent matched points found in the second and third sets. White points represent matched 832 

points found in all three sets of images. Red numbers represent the percentages of points in the 833 

first set of images, green numbers represent the percentages of points in the second set of 834 

images, and blue numbers represent the percentages of points in the third set of images. 835 

 836 

RAW images taken with the dedicated camera produced the most consistent results with near-837 

identical images (Fig. 9). Practitioners are therefore cautioned that photogrammetric results 838 

may not be reproducible even under identical conditions. This is of particular relevance to 839 

studies that feature repeated photogrammetric surveys such as ground motion studies (e.g. Sun 840 



et al. 2024). Care should be taken in these studies to determine the margin of error in the 841 

geometry of these reconstructions to avoid erroneous interpretations.  842 

5. Conclusion 843 

This study demonstrates the influence of camera positioning, camera settings (ISO and image 844 

format), and camera choice on photogrammetric model quality. From these results, we can 845 

conclude actionable guidance for practitioners, especially for photogrammetry of rocks or 846 

stone materials. Despite the controlled conditions under which this study was conducted, this 847 

guidance may be directly applicable to photogrammetric surveys under ‘real-world’ conditions 848 

where options for lighting, camera choice, camera settings, and camera positions may be 849 

limited.  850 

 851 

Camera networks that minimise perspective distortions between images — such as by 852 

maintaining an approximately consistent viewing direction or by including sufficient 853 

intermediate photos between extremes of viewing direction — are most likely to produce high-854 

quality photogrammetric models. As such, camera networks containing a high diversity of 855 

viewing directions require more images to adequately capture the scene than camera networks 856 

with consistent viewing directions. Practitioners are therefore advised to choose camera 857 

placements with small and evenly-spaced changes in perspective between adjacent cameras. 858 

In the case of photogrammetric surveys using a turntable, practitioners should select short 859 

longitude intervals. For objects without overhanging regions, a single high-latitude orbit is 860 

generally sufficient to create a good quality reconstruction; however, for objects with more 861 

complex geometries, practitioners should perform multiple orbits at latitudes which allow the 862 

whole object to be seen. If multiple orbits are used, practitioners should ensure that the interval 863 

between camera positions in the latitude and longitude directions are similar so that the 864 

camera network is evenly distributed. 865 

 866 

Digital noise in input images is observed to severely degrade photogrammetric model quality — 867 

models containing ISO 200 images performed 48% better than those containing ISO 25600 868 

images — but noise reduction can partially mitigate this effect. As such, exposures should be 869 

balanced to keep ISO as low as possible without introducing out-of-focus or motion blur and 870 

noise reduction post-processing should be used on images observed to feature unacceptable 871 

levels of digital noise. RAW images provided a 42% improvement in model quality over JPEG 872 

images for low-noise ISO 200 images and took 41% longer to process; however, for the noisy ISO 873 



25600 images, the in-camera noise reduction applied to the JPEG images mitigated the issues 874 

present in the RAW images. Practitioners are therefore advised to use RAW images where ISO is 875 

low and digital noise is limited if processing time is not a constraint; however, JPEG images are 876 

recommended where noise reduction is required. The smartphone was capable of producing 877 

models of near-equal quality to the Micro-Four-Thirds dedicated camera. Photogrammetric 878 

results are also demonstrated not to be reproducible, even with near-identical input images, 879 

and practitioners should be cognisant of the margin of error in their results.  880 

 881 

This study therefore demonstrates that camera network design provides the greatest control on 882 

photogrammetric model quality and that noisy, high-ISO images also provide a significant 883 

deleterious influence on model quality. Recording format and camera choice provided only a 884 

small influence on model quality that may be weighed against other practical concerns when 885 

designing a photogrammetric survey. As such, this study provides the practitioner with the 886 

necessary quantitative comparisons to make informed choices in their survey design. 887 
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